ABSTRACT. Arctic tundra environments are thought to be particularly sensitive to changes in climate, whereby alterations in ecosystem functioning are likely to be expressed through shifts in vegetation phenology, species composition, and net ecosystem productivity (NEP). Remote sensing has shown potential as a tool to quantify and monitor biophysical variables over space and through time. This study explores the relationship between the normalized difference vegetation index (NDVI) and percent-vegetation cover in a tundra environment, where variations in soil moisture, exposed soil, and gravel till have significant influence on spectral response, and hence, on the characterization of vegetation communities. IKONOS multispectral data (4 m spatial resolution) and Landsat 7 ETM+ data (30 m spatial resolution) were collected for a study area in the Lord Lindsay River watershed on Boothia Peninsula, Nunavut. In conjunction with image acquisition, percent cover data were collected for twelve 100 m × 100 m study plots to determine vegetation community composition. Strong correlations were found for NDVI values calculated with surface and satellite sensors, across the sample plots. In addition, results suggest that percent cover is highly correlated with the NDVI, thereby indicating strong potential for modeling percent cover variations over the region. These percent cover variations are closely related to moisture regime, particularly in areas of high moisture (e.g., water-tracks). These results are important given that improved mapping of Arctic vegetation and associated biophysical variables is needed to monitor environmental change.
INTRODUCTION
Tundra vegetation covers approximately six million square kilometers of the earth's surface and is thus an important consideration within the context of global climate change Stow et al., 2004; Walker et al., 2005) . Global climate change threatens to alter the climatic systems that have dominated Arctic latitudes for centuries (Serreze et al., 2000) , and while tundra environments are thought to be particularly sensitive to such changes, how they will respond remains unclear (McMichael et al., 1999; Muller et al., 1999; Walker, 2000; Stow et al., 2004) . On the basis of general circulation models (GCMs), it is predicted that Arctic mean annual temperatures will increase significantly in comparison to the global mean annual warming, thereby greatly affecting permafrostthe dominant control over tundra ecosystem processes (Hope et al., 1995) . In fact, this temperature trend has been observed in the Arctic over the past 50 years (Hansen et al., 2005) . This increase in temperature may lead to a release of previously sequestered carbon to the atmosphere, potentially shifting the global carbon budget because of the vast spatial extent of tundra environments (Vierling et al., 1997; Loya and Grogan, 2004; Walker et al., 2005) . Further, climate change will not be uniform across the Arctic, but will demonstrate regional differences that will also foster corresponding changes in ecosystem function and vegetation response Stow et al., 2004) .
Alterations to tundra ecosystem functioning are likely to be expressed through shifts in vegetation phenology, species composition, and net ecosystem productivity (NEP). Remote sensing may provide a viable way to monitor (and quantify) these changes. However, tundra environments pose significant challenges to the estimation of biophysical variables. First, Arctic landscapes are characterized by multiple scales of spatial heterogeneity (McFadden et al., 1998; Stow et al., 2004) . Accounting for these spatial variations is difficult in remote sensing studies, in particular within the context of designing appropriate sampling strategies. Arctic regions such as coastal plains, polar deserts, or Arctic foothills are defined by climatic and hydrological influences, and they may extend over hundreds of kilometres. Each region may be deemed a mosaic, where vegetation types are found at scales ranging from 100 m to 1 km, while microsite variations (e.g., changes in relief due to hummocks and frost action in tussock tundra) may occur within centimetres to metres (McFadden et al., 1998) . Second, small-scale vegetation studies may be ideal, but the harsh Arctic climate and the remote nature of field sites do not always render such studies feasible Jacobsen and Hansen, 1999) , nor are they necessarily useful in extrapolating to broader expanses of land (Dungan, 1998; Lobo et al., 1998; Ostendorf and Reynolds, 1998; Davidson and Csillag, 2001) . Remote sensing provides the potential to characterize surface variables that control carbon fluxes over landscapes (i.e., 100 m 2 to 100 km 2 ) or regions (i.e., > 100 km 2 ) (Hope et al., 1995) . This capability is especially important in Arctic environments, where field studies are limited as a function of accessibility, financial cost, and weather conditions (Lévesque, 1996; Jacobsen and Hansen, 1999; Gould et al., 2003) .
The unique spectral characteristics of vegetation are what make biophysical remote sensing possible. Vegetation, because of its chemical and structural characteristics, absorbs, reflects, and transmits electromagnetic radiation in a very different manner than other natural and anthropogenic surfaces. The contrast between chlorophyll absorption of visible wavelengths and strong reflectance in the near infrared (NIR) aid in discriminating plant types and have resulted in the development of numerous vegetation indices (VIs) that provide a means of quantitatively measuring certain biophysical parameters (Laidler and Treitz, 2003; Jensen, 2007) . The catalyst to understanding biophysical trends using remote sensing data is the investigation of relationships between spectral vegetation indices, how they vary across landscapes, and how these fluctuations are related to vegetation composition, biomass, and ecological site factors Boelman et al., 2003) .
Vegetation indices are mathematical derivatives of spectral reflectance that are designed to provide a single value representative of the amount or vigour of vegetation within a pixel. They are generally less sensitive to external variables (e.g., solar zenith angle) than individual image channels (Laidler and Treitz, 2003; Jensen, 2007) . The normalized difference vegetation index (NDVI; Rouse et al., 1974 ) is one of the most widely used. Within Arctic vegetation studies, it has been used at regional (Walker et al., 2002; Jia et al., 2003) and local scales Rees et al., 1998; McMichael et al., 1999) .
In 2001, a field study was initiated on the Boothia Peninsula (Nunavut, Canada) to determine the relationship between percent cover of Arctic vegetation and spectral reflectance. The first objective of this study was to relate spectral vegetation indices (i.e., NDVI), as derived from remotely sensed data, to percent cover of Arctic vegetation. The second was to examine the effect of spatial resolution, or measurement scale, on the characterization of percent cover of tundra vegetation communities, thereby determining suitable scales at which to estimate vegetation communities that are highly spatially variable.
METHODS

Study Site Description
The study site is located on the Boothia Peninsula, in the Kitikmeot Region of Nunavut, within the Lord Lindsay River watershed, just west of Sanagak Lake (70˚11' N, 93˚44' W; Fig. 1 ). The Boothia Peninsula consists of extensive plateaus, plains, and lowlands, and the Boothia Plateau exhibits low, rolling bedrock hills with summits up to 500 m above sea level (Dyke, 1984) . The landscape is underlain by crystalline gneiss forming a narrow north-trending prong of the Precambrian Shield, partly covered by outliers of Palaeozoic strata (Environment Canada, 2000) .
Arctic tundra vegetation comprises a mosaic of plant communities, usually compact, wind-sculptured, and less than one metre in height (Stonehouse, 1989) . Lichens and mosses are prominent growth forms, but tundra communities also include shrubs, sedges, grasses, and forbs (flowering herbs other than grasses). Community composition varies in relation to soil quality, topography (i.e., slope, aspect, and elevation), duration of snow cover, and other variables. The study area falls within the prostrate dwarfshrub (Arctic Tundra) sub-zone described by Walker et al. (2005) . Characteristic of a mid-Arctic ecoclimate, vegetation on the peninsula is discontinuous, generally dominated by tundra species such as Saxifraga oppositifolia, Dryas integrifolia, and Salix spp. Wet areas have a continuous cover of sedges, (e.g., Eriophorum spp., Saxifraga spp.) and mosses. Over the broad study area, non-sorted circles, stripes, and ice-wedge polygons are abundant and frequently interrupt plant cover. Vascular vegetation is often restricted to protected habitats, such as cracks and depressions in the polygon network and areas irrigated by runoff from snow patches (Walker, 2000) . Prostrate and hemiprostrate dwarf shrubs (< 10 cm) are the dominant growth form on dry and mesic sites, whereas graminoids are more prominent on wet sites.
No long-term climate data are available for this study site. However, the Boothia Peninsula is located south of Resolute Bay and northeast of Cambridge Bay, so these two Nunavut communities provide the nearest meteorological stations with climate normals for 1971 -2000 calculated using World Meteorological Organization standards. The mean annual temperature is -16.4˚C for Resolute Bay and -14.4˚C for Cambridge Bay, and their mean July temperatures are 4.3˚C and 8.4˚C (Environment Canada, 2004) . Annual precipitation is approximately 150 mm for Resolute Bay and 138.8 mm for Cambridge Bay (Environment Canada, 2004) .
A meteorological station was installed at the study site in 2001. During the two-week vegetation sampling period (15 July to 8 August 2001), the site had a mean daily temperature of 14˚C with 0 mm of precipitation (Forbes, 2003) .
Field Data Collection
Plot location, percent cover sampling, and spectral data collection occurred during the period from 15 June to 8 August 2001. An unsupervised spectral classification was used along with in situ visual identification to locate vegetation community types. Representative sample plots (i.e., 100 m × 100 m; 1 ha) were established for each vegetation community type. This large plot dimension was necessary for the accurate location of the selected areas on the coarsest resolution satellite imagery (i.e., Landsat 7 ETM+, 30 m pixels). Twelve plots (P1 to P12) were established for intensive study, and the corners and center of each plot were georeferenced (using a Trimble GeoExplorer II Global Positioning System [GPS]) for ease of identification on satellite imagery. The rationale for establishing 12 sample plots included i) a limited sampling window to capture peak seasonal growth patterns; ii) the intensity and duration of within-plot quadrat sampling; and iii) travel time and distance to remote plot locations.
Each 1 ha plot was divided into quadrants and then a total of 50 quadrats (50 cm × 50 cm; 0.25 m 2 ) were sampled (12 quadrats in each of two quadrants, 13 quadrats in each of two quadrants), using a stratified random sampling technique without replacement. These quadrat dimensions represent the scale at which local heterogeneity is noticeable, although the same quadrats in combination give a homogeneous spectral response in satellite imagery at the scale of the whole plot. The Braun-Blanquet cover-class method was adopted for estimating the percentage of vegetation cover (percent cover) in each quadrat (Barbour et al., 1987) . Individual plant species were documented to record species diversity, but percent cover was evaluated according to plant functional type (i.e., graminoids, forbs, shrubs, and bryophytes) to provide insight into community composition (after Walker, 2000) , as well as for ease and accuracy in presenting results. These 50 quadrat estimates were later converted to plot-level percent cover values using the mean percent cover of each plant functional type, along with the mean percent of nonvegetated cover. In addition, 10 quadrats in each plot (i.e., every fifth quadrat) were sampled for relative soil moisture (after Edwards et al., 2000) (Table 1 ) and converted to plotlevel moisture estimates using the median value. This characterization was useful in organizing graphic and statistical trends along a moisture gradient (i.e., driest to wettest), representing results according to an environmental parameter that affects percent cover and community type.
A portable FieldSpec ® Pro spectro-radiometer (Analytical Spectral Devices, Boulder, CO) was used for all surface radiometric measurements. The FieldSpec Pro collects surface spectra across the wavelength range of 350 -2500 nm, with sampling intervals of 1.4 nm (for the 350 -1050 nm range) and 2 nm (for the 1050 -2500 nm range). The spectral resolution for the FieldSpec Pro is 3 nm at 700 nm and 10 nm at 1400 and 2100 nm (Analytical Spectral Devices, 2006) . For each spectral sample, an 8f ield of view (FOV) foreoptic was used to record spectral data for an area approximately 10 cm in diameter (with foreoptic mounted at 0.6 m above the area of interest). Radiometric sampling in the field can be logistically difficult, with factors such as battery life, sun location, sky conditions, and travel distance affecting the number of samples that can be collected at a given time and in a given season. Spectral data were recorded for a total of 18 quadrats from seven study plots. For each of these 18 quadrats, we calculated spectral reflectance measurements by averaging a total of 250 individual samples to provide one spectral response curve ranging from visible to midinfrared wavelengths (350 -2500 nm). Spectra were collected for surface-cover types that exhibited uniform or homogeneous composition and often included a number of plant species. These spectra were representative of the vegetation communities and species composition for the 12 plots studied. Each spectral sample was located in the middle of a quadrat (0.25 m 2 ) where percent cover had been estimated.
Remote Sensing Data Preprocessing
To determine the reflectance spectra of a material with a portable spectro-radiometer, two measurements are required in sequence: (i) the spectral response of a calibrated reference panel (Spectralon Reflectance Target calibrated for an 8˚ foreoptic by Labsphere ® , Sutton, N.H., 15 October 1999) with near 100% reflectance across the spectrum; and (ii) the spectral response of the target material. Reflectance spectra are calculated by dividing the spectral response of the target by that of the calibrated reference panel. The derivation of this ratio compensates for parameters that are multiplicative in nature and present in both spectral response measurements. Reflectance spectra were collected during clear sky conditions and as close to solar noon as possible. All satellite data were collected during 23 -27 July 2001 between 17:56 and 18:39 UTC, allowing all imagery to be captured at similar solar zenith angles (within 1˚). This method minimized spectral differences due to topographic shading and facilitated a more direct comparison of spectral relationships between the surface and satellite sensors (Thenkabail, 2004) . IKONOS multispectral data (4 m spatial resolution) were acquired pre-processed with a 2 m horizontal metric accuracy (Space Imaging Inc., 2006) . In order to cover the entire study site, two separate IKONOS overpasses (23 July and 27 July 2001) were required. Landsat 7 ETM+ data (30 m spatial resolution) were collected for the study area on 25 July 2001. All image data were converted to at-satellite exo-atmospheric reflectance, a temporally comparable surface reflectance factor (Moran et al., 2001) , following procedures outlined by NASA (2002) and Taylor (2005) . Furthermore, the Landsat 7 ETM+ data were georeferenced to the same planimetric database as the IKONOS data (i.e., Universal Transverse Mercator, zone 15N, North American Datum 1983) with an overall root-mean-square (rms) error of approximately 8 m.
Vegetation Index Calculation (NDVI)
Surface spectral reflectance measurements acquired for the 18 selected quadrats were converted to mean values for each wavelength using software from Analytical Spectral Devices (ASD ViewSpecPro, Section 2.2). Surface spectral values for each quadrat were then averaged to correspond to the range of Landsat 7 ETM+ red (630-690 nm) and NIR (780-900 nm) wavelengths. This procedure ensures that the surface spectra correspond to image bandwidths and that the wavelength ranges used in vegetation index calculations are comparable. IKONOS and Landsat 7 ETM+ have identical bandwidths for the red portion of the electromagnetic spectrum and similar ranges for the NIR (i.e., high correlation; R = 0.998, p < 0.0001).
The NDVI has been the most commonly applied spectral index for characterizing the vegetation of Arctic environments using various satellite sensors. It is calculated as follows:
where nir = near infrared reflectance and red = visible red reflectance.
The 12 study plots were purposely selected to provide a range of exposed soil expanses and soil conditions, i.e., moisture and organic content (Table 2, Fig. 2 ). These variations were desirable for evaluating how well the NDVI could characterize differing vegetation communities. NDVI values were calculated for plot-level spectra (averaged to correspond to 100 m × 100 m study plot dimensions) using surface spectral measurements and remotely sensed data (i.e., spectro-radiometer, IKONOS, and Landsat 7 ETM+) to compare results from varying spatial resolutions (i.e., measurement scales).
RESULTS
Surface Moisture and Percent Cover
The plot-level median soil moisture values derived for each plot are presented in Figure 2 . To emphasize the range of values observed, the plots are arranged along a gradient from driest to wettest. Results of the moisture estimates show P6 to be the driest site (moisture value < 2; dry to very dry), while P10 is the wettest community (moisture value > 8; very wet to saturated). The plots follow an idealized meso-topographic moisture gradient described by Walker (2000) , which allows each plot to be characterized as one of the five major habitat types (Table 2) . To reflect these plot moisture regimes, presentations of plot percent cover and NDVI are arranged according to this environmental gradient.
Plot percent cover estimates include all vegetation functional groups, vascular and non-vascular, as well as nonvegetated cover (Fig. 3) . The number of forbs present was a determining factor in taxon richness (Fig. 4) . Saxifraga oppositifolia is most prominent on dry and mesic plots, while a variety of Pedicularis spp. may be found on moist to wet sites. However, most community types exhibited a few dominant species (which corresponded to greater (Fig. 3) . As plot moisture increases (P2, P4, P5, and P11), shrubs tend to be the dominant cover type, with an increasing presence of graminoids and forbs, while nonvegetated ground continues to contribute about one-fourth of percent cover (Fig. 3) . As plot moisture continues to increase, as in P1, P3, P8, P9, and P10, graminoids (i.e., Eriophorum spp. and Carex spp.) or bryophytes (i.e., Sphagnum spp.) or both become dominant (Fig. 3) . Nonvegetated cover does not disappear in wet plots, but its characteristics are much different (i.e., dark, absorbent, open organic materials compared to the rocky, bare soil, or sandy exposed surfaces on dry plots). Lichens are listed in many percent cover estimates, but since they often constitute less than 1% of the total, they are not apparent in plotlevel percent cover graphic summaries for any community type encountered within the study site (Fig. 3) .
NDVI -Surface, IKONOS, Landsat 7 ETM+
Although there are variations, plot NDVI values for each of the remote sensing data sets generally follow a similar trend, in that they increase along the environmental gradient from the driest (i.e., barren) to the wettest (i.e., highly vegetated) sites (Fig. 5) . Pearson correlation coefficients (R) were calculated to compare the extent to which the surface and satellite (IKONOS and Landsat 7 ETM+) NDVI values are "proportional" to each other across the sampled plots. All three sensors produced NDVI values that are highly correlated, with IKONOS and Landsat 7 ETM+ having the highest correlation (R = 0.98, p < 0.001). Similar high correlations were found between surface spectra and Landsat values (R = 0.96) and surface spectra and IKONOS values (R = 0.94) (p < 0.001).
The NDVI was calculated for surface spectra converted to mean plot values. It is not surprising that P12 demonstrates the lowest NDVI value (0.15), since it is the site where non-vegetated cover dominates (Figs. 3 and 5) . The highest NDVI value (0.61) is found in P9 and P3. The wettest areas are plots P8 (surface NDVI of 0.60) and P10 (surface NDVI of 0.57). While plots P4, P6, P7, and P11 have similar vegetation cover (low-lying shrub cover interspersed with rocks and pebbles), the variations in vegetation density or exposed soil or both (Fig. 3 ) may account for the varying NDVI values, from 0.2 to 0.3 (Fig. 5) .
Plot NDVI comparisons show that Landsat 7 ETM+ NDVI values tend to be lower than surface NDVI values (with the exception of P7 and P4), and the IKONOS NDVI values are the lowest of all the sensors. Furthermore, Landsat 7 ETM+ and IKONOS NDVI values seem to minimize the differentiation between all study plots (Fig. 5) . In other words, the similarities between plots reduce the original 12 plots to a loosely defined threefold grouping (NDVI values from Landsat 7 ETM+): i) NDVI ≈ 0.08 (P12); ii) NDVI ≈ 0.20-0.25 (P4, P6, P7, P11); and iii) NDVI ≈ 0.35-0.45 (P2, P5, P1, P3, P9, P8, P10).
Estimating Percent Cover
Bivariate regression analyses were performed to determine relationships between percent cover and NDVI values. A strong, significant linear relationship exists between percent cover and the NDVI value for each of the spectral data sets: R 2 = 0.72 for IKONOS, 0.74 for surface spectra, and 0.78 for Landsat ETM+ (Fig. 6) . Despite the unavoidable shortcomings of a small sample (12 onehectare study plots), regression analysis remains a valuable tool for investigating relationships between tundra biophysical variables because very strong relationships can still be determined with relative certainty (Hair et al., 1998) . Therefore, highly significant results would suggest that more intensive research is warranted to validate these relationships under more extensive sampling. Although the vegetation index would usually be considered a function of vegetation amount, scatter plots and regression equations were constructed with the NDVI value as the independent variable in order to calculate percent cover images from the NDVI results (after Shippert et al., 1995) . 
DISCUSSION
Moisture and Percent Cover Field Estimates
In the majority of Arctic locations, the environmental factor most closely correlated with vegetation type is soil moisture (Oberbauer and Dawson, 1992) . In areas of high elevation, water is a limiting factor and an important determinant of vegetation structure, productivity, and composition; in lower areas, these aspects may not be controlled directly by soil moisture, but rather by factors correlated with or affected by soil moisture, such as nutrient availability, thaw depth, soil aeration, redox potential, and pH (Oberbauer and Dawson, 1992) . Micro-scale moisture gradients (across a few metres), such as those in periglacial features (troughs to high-centre polygons, frost boils, or stone stripes) or from wet meadows to beach ridges, have great influence on the pattern and distribution of vegetation throughout tundra plant communities. This within-plot variability is prominently demonstrated in P6, P5, P8, and P9, where small variations in moistureand frost action-determine the distribution of abundant vegetation as well as exposed, non-vegetated surfaces (Fig. 3) . Meso-scale soil moisture has an inverse relationship with slope and elevation: fell-field ridge tops are the driest environments, and moisture increases moving downhill to riparian zones in valleys, which are the wettest habitats (e.g., Table 2 , Figs. 2 and 3) (Oberbauer and Dawson, 1992) .
Vegetation cover characteristics follow micro-topographic gradients, which influence soil moisture, nutrient availability, snow cover, exposure, and microclimate differences that define habitats broadly as dwarf-shrub heath or moist to wet sedge meadows. Therefore, results presented for plot percent cover estimates (Fig. 3) follow expected trends in vegetation community composition and functional type dominance described in other tundra vegetation research (e.g., Bliss and Matveyeva, 1992; Lloyd et al., 1994; Walker et al., 1994; Murray, 1997; Henry, 1998; Young et al., 1999) . The spatial heterogeneity of the study area, regarded as the irregularity of the physical environment that translates into different kinds of plant habitats, demonstrates the importance of local influences on creating a diversity of habitats that can maintain a diversity of species cover (Murray, 1997) . These field results are complemented with NDVI calculations (Fig. 5) and evaluations from several different sensor types in order to provide more direct comparisons with other Arctic biophysical remote sensing studies. With much of the spatial heterogeneity being derived from micro-scale moisture gradients, higher spatial resolution sensors such as IKONOS (4 m) may prove useful in capturing surface variability.
NDVI Sensor Comparisons
With the NDVI value calculations based on the absolute measurements of at-sensor reflectance, there still exist systematic differences between the NDVI values across the plots (Table 3) be explained, at least in part, by the reduced atmospheric path radiance experienced by these ground measures, which gives rise to better contrast between reflectance of visible and near-infrared wavelengths.
IKONOS NDVI values are lower than Landsat 7 ETM+ values, a pattern which is consistent with other studies, in that IKONOS sensors produce higher reflectance in the red band and lower reflectance in the near-infrared band compared to Landsat 7 ETM+ sensors (Goward et al., 2003; Song, 2004) . Several other factors may also contribute to the difference. First, the images were collected over a fourday period. Changes to the vegetation cover would be very minimal over this period, but different atmospheric conditions between days can significantly change the NDVI values (Song and Woodcock, 2003) . Without in situ atmospheric aerosol data at the times of image acquisition, we cannot perform rigorous atmospheric corrections. Second, band-pass differences between the sensors from the two satellites may contribute to the difference in NDVI values (Song, 2004) . Finally, surface bidirectional reflectance can affect NDVI values for the two images. Although the solar zenith and azimuth angles are very similar (within 1˚), the off-nadir viewing angles for the IKONOS data are quite different from the nadir view of the Landsat 7 ETM+ data. The difference in viewing angles can cause systematic differences in remotely sensed data (Song and Woodcock, 2003 ). It remains a major challenge in remote sensing to remove noise from image acquisition on the basis of the various physical factors described above (Song, 2004) . Jiang et al. (2006) have suggested that for heterogeneous surfaces, spatial resolution may have an important impact on NDVI measurement, and that NDVI at different resolutions may not be comparable in dark soil backgrounds or with the presence of shadow. In this mid-Arctic ecosystem, soil background reflectance tends to be very high (i.e., red and NIR reflectance ~ 0.3) and shadow is minimal, given the very low vertical structure of the vegetation. Jiang et al. (2006) concluded that in a bright soil, low shadow environment there was no significant difference between NDVI values from coarse-and fine-resolution measurements. Overall, the NDVI values from IKONOS and Landsat ETM+ are very highly correlated, but they have modest differences in their dynamic ranges (0.12) ( Table 3 ; Fig. 5) . These values are similar to those from other studies, which concluded that the two sensors were comparable and could be successfully integrated in various ecosystems (Thenkabail, 2004) .
Although spatial trends of NDVI values are similar between IKONOS and Landsat 7 ETM+, IKONOS proves more useful in delineating tundra vegetation components because of its superior 4 m spatial resolution (compared to 30 m for Landsat 7 ETM+). Therefore, IKONOS data can detect microsite variations within plots, as well as resolve narrow, local-scale linear and convoluted topographic features (e.g., water-tracks and snowbed vegetation-usually the most productive communities with the highest NDVI values) more precisely than Landsat 7 ETM+ (Fig. 7) . For example, the study plots are represented by approximately 625 pixels in an IKONOS image, while in a Landsat 7 ETM+ image they are represented by approximately 9 pixels, depending on plot boundary orientation. However, while IKONOS delineates microsite variations more effectively, there is also potential for enhanced spectral signal confusion at the plot level. This is another important reason to incorporate the use of the NDVI, or similar spectral indices, to ensure more consistent and accurate delineation of vegetation community type as related to percent cover. Stow et al. (1993) found a significant linear relationship between percentage-shrub cover and NDVI values, while Shippert et al. (1995) showed strong linear relationships between NDVI and leaf area index (LAI) values when data were grouped into physiognomic categories. Walker et al. (1995) linear, significant, and consistent across scales (i.e., R 2 = 0.72 -0.78; p < 0.01) (Fig. 6) , corroborating trends reported in other Arctic environments.
Estimating Percent Cover
An image of percent cover derived from the IKONOS NDVI data is presented in Figure 8 , which portrays the relationship between percent cover variations (Fig. 3) , topographic trends (Table 2) , and associated moisture regimes (Fig. 2) . Percent cover increases along declining elevations and slopes as a reflection of increased vegetation canopy density in areas of high moisture (i.e., watertracks, drainage channels, and areas with moderate to minimal exposure). Modeling percent cover over the entire study site provides an interesting perspective on overall vegetation distribution and cover characteristics that would otherwise be difficult to visualize. Although these values must be interpreted with caution (i.e., IKONOS NDVI explains 72% of the vegetation cover variance for the study plots), they provide important preliminary results. Stow et al. (1993) suggest that data with high spatial resolution (i.e., < 10 m) would strengthen NDVI correlations to biophysical variables, making it easier to i) identify the initial conditions for patch-scale models by inventorying landscape conditions and their relative proportions; ii) stratify landscapes into relatively homogeneous response units for spatially distributed modeling of material and energy transport; iii) extrapolate model simulations by mapping areas that are potentially sensitive to particular disturbances; and iv) assess landscape-and regional-scale model simulations by comparative spatial pattern analyses. Here, coefficients of determination for NDVI and percent cover were very similar for the IKONOS and Landsat data. This similarity is a function of averaging the IKONOS NDVI data to the plot level for correlation analysis. However, applying the model to the high-resolution data provides a more precise definition of the variability in vegetation percent cover across the landscape. IKONOS data therefore show tremendous potential for tundra vegetation mapping at local scales: they are able to delineate percent cover trends and microsite variability throughout the study area (Fig. 8) . At the same time, similarly accurate estimates of percent cover can be derived from Landsat data at intermediate or regional scales. 
CONCLUSIONS
Remote sensing is a valuable and integral tool for characterizing vegetation communities throughout the Arctic and in evaluating regional changes in tundra vegetation composition or distribution. Furthermore, spectral vegetation indices such as the NDVI play an important role in modeling biophysical variables over large expanses of land on the basis of spectral reflectance. Reflectance data and related biophysical variables cannot easily, or frequently, be collected through field studies in Arctic regions. In this study, NDVI values were calculated using surface spectroradiometer, IKONOS, and Landsat 7 ETM+ data.
Linear regression analyses demonstrated strong, significant relationships between NDVI and percent cover (i.e., R 2 > 0.7, p < 0.01) for each of the sensor types (i.e., spatial resolutions). IKONOS data were used to extrapolate plotspecific results across the entire study area. While modeling of percent cover in this manner must be interpreted with caution, it is encouraging that the results tend to delineate the environmental gradients that were observed during the field campaign. These results establish initial estimates upon which to build and improve the accuracy of spatial and spectral representation of tundra biophysical variables on the Boothia Peninsula and throughout the Arctic.
The utility of high-resolution multispectral data (e.g., IKONOS data) has been minimally investigated in Arctic environments. Strengthening our understanding of biophysical remote sensing in Arctic environments, while taking advantage of improvements in satellite spatial resolving power, provides enhanced capacity for circumpolar vegetation mapping. In addition, improving our capacity to estimate biophysical variables using remote sensing data will enhance our ability to capture baseline vegetation and environmental information, while allowing for the monitoring of environmental change. Remote sensing research efforts are continuing at this site and have been expanded along a latitudinal gradient to include Cape Bounty, Melville Island, Nunavut. Their goal is to i) characterize and classify vegetation communities; ii) model soil moisture, fraction of vegetation cover and biomass across vegetation communities; and iii) link remote sensing derivatives (such as NDVI values) with vegetation community types for modeling of carbon dioxide flux.
